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Abstract 
We develop a unique validation method to empirically assess the influence a group model. We apply a computer vision 
pedestrian trajectory analysis and adapt it to crowd simulation. We determine the probability that collocated virtual pedestrians 
are travelling in the same group based on their path over time. We use receiver operating characteristic (ROC) analysis to 
determine the best parameter intervals. A series of experiments is run in a crowded corridor of a virtual airport. The results 
demonstrate that our method is able to provide crowd modelers a unique description of the influence of the model parameters.  
© 2014 The Authors. Published by Elsevier B.V. 
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1. Introduction 
The majority of pedestrians do not walk alone, but most frequently in small groups, as described by Schultz et al. 
(2006). Reuter et al. (2012) say that pedestrian groups impact on the behaviour of crowds, and affect evacuation 
time and flow. However, Köster et al. (2011) and Fehler et al. (2005) underline that groups have played a relatively 
small part in the conceptualisation of simulated crowds until recently. Furthermore, they question the uncertainties 
of the process of verifying and validating group behaviour in simulated crowds. Instead of using accepted empirical 
results from sociology or psychology, crowd modelers are relying on intuition and assumptions to select governing 
influences of their simulation model. Additionally, to assess the basic reliability of group models, visual aspects are 
used to manually identify key crowd elements (e.g. distribution of groups). However, this does not deliver important 
quantifiable output measurements. Both Köster et al. (2011) and Fehler et al. (2005) conclude that this leads to 
unreliable crowd simulation models, and that further work in the area of group validation is required.
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We advance the research on the validation of pedestrian groups in agent-based simulation. Our main contribution 
is an experimental validation method for assessing the influence of the group model parameters on the behaviour of 
agents. To achieve this, we adapt a state-of-the-art pedestrian trajectory analysis technique, as developed and 
validated through human consensus by Ge et al. (2012), to crowd simulation. This automatically detects small 
groups of agents travelling together. We evaluate a range of parameters using receiver operating characteristic 
(ROC) analysis. To our knowledge, no previous work has specifically exploited trajectory information to 
methodically assess the performance of a group model in crowd simulation. We demonstrate the feasibility of our 
work on a group model that is inspired by Reynolds (1999) through a series of experiments run in a crowded virtual 
airport corridor. The results of the experiments give a quantified description of the influence of a model's parameter 
on the navigational behaviour of groups. We demonstrate that we are able to determine the best set of parameters for 
the proposed model, and to identify possible problems of agent's behaviour. 
This paper is structured as follows. We first discuss previous work done in group modeling, pedestrian trajectory 
analysis and verification and validation. In Section 3, we discuss our methodology to assess the behaviour of groups 
in a crowd simulation. We describe a set of experiments in a crowded airport terminal in Section 4. Section 5 details 
the results of our experiments. Lastly, in Section 6, we conclude this work and discuss future work. 
2. Related work 
Crowd simulation requires a high degree of fidelity and realism. This is due to related serious application fields, 
the investigation of the safety of individuals in evacuation scenarios and the assessment of the reliability of 
architectural design, as described by Thalmann and Musse (2005). 
To achieve higher fidelity and increased realism in crowd simulation, an extensive study of the semantics 
underlying real crowds’ motion is necessary. Research demonstrates that the coordination, the communication and 
the structure of pedestrian groups heavily impact on the flow of crowds. Moussaïd et al. (2010) say that patterns 
from group organization result from the desire of respective members of a group to communicate with each other. 
Group members continuously adjust their position to facilitate communication, while avoiding collision with other 
in-group and out-group individuals. Furthermore, observations of real crowds by Qiu and Hu (2009) suggest that the 
group size, that is, the number of individuals within a group, is spread as according to a zero-truncated Poisson 
distribution depending on the considered scenario. However, both Qiu and Hu (2009) and Moussaïd et al. (2010) 
conclude that there is a need to further study the simulation of the behaviour of groups in pedestrian crowds. 
Trajectory analysis provides a deeper insight into pedestrian movement. Seyfried et al. (2005), Oberhagemann et 
al. (2011), and Helbing and Mukerji (2012) use video algorithms to detect the flow of crowds. Ronchi et al. (2014) 
analyse people's trajectories in staircases during evacuation. Ge et al. (2012) collect trajectory data of crowds using a 
multi-object tracking algorithm of pedestrians in surveillance camera videos. All these works conclude that 
trajectory analysis gives relevant insights into people's interaction. As underlined by Ge et al. (2012), pedestrian 
trajectory information alone is enough to identify potential groups within a short video sequence. It brings 
considerable knowledge of the behaviour of individual crowds to researchers, allowing a deeper understanding of 
the self-organising phenomena resulting from the interactions of many pedestrians.  
Fehler et al. (2005) describe validation as an important step in every process that concerns the development of 
simulation models, which is independent from the actual modeling paradigm used. Models’ variables and 
coefficients have to be set in a way that a structurally correct model produces a valid outcome as verified through 
scientific foundation. Qiu and Hu (2009) and Moussaïd et al. (2010) underline a model's interrelated input and 
output dependencies, the size of the possible configuration search space and the additional computational 
complexity. They agree that quantifiable data is important for measurement comparison with interdisciplinary field 
data, and to directly compare the simulation output of crowd models.  
However, there are uncertainties on how to compare and verify group models in crowd simulation to empirical 
data, and how to identify governing group model variables and coefficients. Using assumptions and intuition to 
calibrate model parameters is highly criticized. Köster et al. (2011) say it is crucial to use a methodical approach 
supported by sociological and psychological insight to validate group models. However, they suggest that model 
validation is still a challenge and more interdisciplinary is required to tackle this issue. 
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3. Methodology 
3.1. Trajectory Analysis 
Ge et al. (2012) automatically detect small groups of individuals using computer vision work on videos of real 
pedestrians. They demonstrate that an automated pedestrian detection and tracking algorithm can extract trajectories 
from videos and that a hierarchical clustering can detect small groups of people traveling together. They show that 
results of agglomerative clustering are in substantial statistical agreement with subjective human perception of who 
is with whom in a crowd. Additionally, they note that trajectory information alone is enough to yield substantial 
agreement with the perception of human coders who are able to address the grouping task by observing more subtle 
visual cues such as arm gestures and gaze direction. 
To assess the probability rate of a crowd simulation, it is necessary to obtain meaningful data of the behaviour of 
individuals in a crowd simulation. The work by Ge et al. (2012) on trajectory analysis of real crowds to detect small 
groups of people is relevant to crowd simulation. To our knowledge, no previous work has specifically exploited 
trajectory analysis to methodically obtain relevant data about the simulated behaviour of small groups. In our work, 
we adapt the work by Ge et al. (2012) for crowd simulation. However, the step of video detection and tracking of 
pedestrians is not necessary, as data required for trajectory analysis and agglomerative clustering can be directly 
obtained from within a crowd simulation.   
An agent's navigation information is seen as a setሺǡ ǡ ሻ, whereas  is the position vector of the agent’s body 
center, and  is the velocity vector at a time . ī is the temporal overlap of the trajectories between a person  and 
within a simulation time T. The pair-wise distance ߩ௜௝ metric is used to compute the interpersonal closeness over 
time between two individuals. The following dynamic equations are used to compute the pair-wise ߩ௜௝ metric 
between a person  and  within a temporal window T:  
ɘ୧୨୲ ൌ ȽȨ൫ฮ୧
୲ െ ୨୲ฮ൯ ൅ ሺͳ െ ȽሻȨ൫ฮ୧୲ െ ୨୲ฮ൯
(1)
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ߋ is a min-max normalisation vector. Ge et al. (2012) use a weight of Ƚ ൌ ͲǤ͹ is used to combine spatial 
proximity and velocity cues into where a pair-wise distance ɘ୧୨୲  computed at each time  . For each pair of agents, 
the algorithm computes the average pair-wise distance ߱௜௝௧  over all the simulation’s frames within ī and scales by 
the number of times ߩ௜௝  as long as the spatial distance and velocity difference between person ݅ and ݆ are below a 
given threshold ߬௦ ൌ ͳǤͲ͸ and ߬௩ ൌ ͲǤͲͻ.  
Similar to Ge et al. (2012), we apply a bottom-up hierarchical. It starts with single member groups, and gradually 
builds larger groups by merging two clusters with the strongest pair-wise distance ߩ௜௝  as measured by a symmetric 
Hausdorff distance. The clustering algorithm terminates when no more clusters can be merged. We store the result 
as a symmetric adjacency matrix of order n, which represents a simple undirected graph of the agent-to-agent 
relationships of the simulated crowd. 
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3.2. Receiver Operating Characteristic (ROC) Analysis 
In order to methodically assess a group model in a crowd simulation, we quantify a model’s variable coefficients 
and their effects on the simulation. We evaluate a model’s probability to correctly and incorrectly simulate group 
behaviour against behaviour as expected by the modeler. For a model to be considered as efficient, it has to offer 
high correct and low incorrect probability rates. Conversely, a model offering low correct and high incorrect 
probabilities rates is inefficient. This probability rate describes how future simulations with an identical group model 
and group parameters will perform. We refer to the terms sensitivity and specificity to calculate the correct and 
incorrect probability rate of a model. Krzanowski and Hand (2010) say that this type of probability test is 
synonymously defined as the gold standard test, the classifier allocation, or the control test.  
However, a single test that obtains the probabilities of the coefficients of a group model does not provide enough 
information to the modeler. Therefore, we assess the probabilities of a range of possible coefficients of the variables 
of the group models. To better understand the results, we use the receiver operating characteristic (ROC) to select 
optimal parameters and to discard suboptimal ones. ROC plots the sensitivity and specificity, where each data point 
represents a sensitivity and specificity pair corresponding to a particular decision threshold. The closer the data point 
is to the upper left corner, the higher the overall accuracy of the test. A test that passes through the upper left corner 
of the graph is considered as perfect discrimination. In this work, we compare the trajectory analysis of every agent i
with every other agent j with conditions defined by a criteria matrix set by the modeler. This criteria matrix contains 
the agent-to-agent social relationship the modeler expects the groups in the simulation to behave. Krzanowski and 
Hand (2010) define four types of probabilities; true positive (FP), false positive (FP), true negative (TN) and false 
negative (FN). The combination of probabilities is shown in      Table 1: 
     Table 1: Types of probabilities and their relationship between the simulation output and the control. 
 Condition defined by the test criterion between agent i, j 
  0 1 
Simulated group 
behaviour output as 
observed by the 
trajectory analysis 
between agent i, j
0 true negative false negative 
1 false positive true positive 
Krzanowski and Hand (2010) describe sensitivity as the measurement of the proportion of actual positives which 
have been correctly identified as such, in our experiments, the percentage of people correctly identified to be in their 
respective groups. Specificity measures the probability of a test resulting in negatives which are identified as such 
i.e. the percentage of isolated individuals not demonstrating any grouping behavior. Sensitivity or true positive rate 
(TPR) and specificity (SPC) is defined as: 
ܴܶܲ ൌ
σܶܲ
σܶܲ ൅ σܨܰ
 (5) 
ܵܲܥ ൌ
σܶܰ
σܨܲ ൅ σܶܰ
(6) 
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3.3. Our Approach 
To methodically determine the best coefficient interval for a group model variable, our approach follows this 
sequence of steps: 
• Determine which variable of a group model to test and the range ȡ of its coefficient. 
• Define an adjacency criterion matrix M, which contains the agent-to-agent social behaviour criteria 
• In a crowd simulation, use the pedestrian trajectory analysis to identify group composition of a simulated 
crowd. Store results in adjacency result matrix N.
• Using criterion matrix M as test criteria with matrix N, calculate the correct and incorrect group allocation 
probabilities of parameter p. 
• Modify parameter p by a given threshold t. Repeat experiments until the range of parameters p have been 
tested.  
• Assess the influence of the range of parameter t by plotting the sensitivity as a function of the false positive 
rate (FPR), which is 1-specificity.  
• Use ROC analysis to identify the best range of parameters (highest correct, lowest incorrect probability). 
• Plot the dependency between the tested variable and its impact on sensitivity and the false positive rate (1-
specificity) to further understand the impact of the group model coefficient. 
4. Experiments 
We carry out a series of experiments in a crowded virtual airport corridor to explore the feasibility of our 
approach. The group model we chose to test is an extension of our previous work on Helbing Social Force as 
described by Szymanezyk et al. (2012) and is inspired by Reynolds' (1999) work on boids. We obtain experimental 
data of the simulated group behaviour of the crowd using trajectory analysis.  We investigate the impact of a range 
of coefficient values on the resulting behaviour using the ROC Analysis.  
We use our agent-based crowd simulation framework as a simulation environment for the experiments, in which 
the work by Ge et al. (2012) on the trajectory analysis to detect small groups of people travelling together has been 
implemented. We give a full overview framework, including model definition, agent input parameters, and 
fundamental diagram throughout our previous work. Fig. 1 shows a series of screenshots of our crowd simulation 
during an experiment. 
4.1. Group parameter 
We extend the Helbing Social Force model used in our crowd simulation framework with the force Fg, which is 
an experimental group behaviour model inspired by Reynolds' (1999) work on flocking behaviour. An agent is 
attracted towards the geographic center of their allocated group using a unit vector 	ୟ. 	୰ describes a repulsive force 
against the geographic center of the group, and out-group member agents. 	ୡ is a unit vector towards the average 
heading of other in-group members. We define the force Fg to describe the navigational reaction of agents within in 
groups. We define the 	୥ as: 
ܨ௚ ൌܨ௔൅ܨ௥ ൅ܨ௖ (7) 
 In summary, using equation (7), agents avoid static obstacles, while moving towards their destination using a 
pre-calculated path. Simultaneously, agents walk besides and in the general direction of their respective group, 
whilst avoiding being too close to in-group and out-group members. 
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4.2. Description of Scenario 
The experiments are set within a simulated bi-directional indoor corridor section of the London Gatwick Airport. 
We define N = 50 agents to enter the scene from sources at either sides of the corridor, and to travel to the opposite 
section of the corridor. The corridor is 20 meters wide, and is 25 meters long. Each experiment is run for two 
minutes of simulation time. For the purposes of the analysis, it is desirable that the proportion of simulated agents 
successfully travelling across the scenario within the set time is above 90% of the total of individuals in the 
experiment. A success rate under 90% indicates potential incompatibilities with the coefficient of the group model 
for agents to navigate around correctly (e.g. agents stuck with other others). 
To find the global optimum of the parameters of the model, we are using the greedy heuristic. That is, we first 
determine the best coefficient for the first variable, add it to the model, and then find the best coefficient for the next 
variable. Our model has three variables, resulting in three sets of experiments. We set ȡ ranging from [-1,+1]. 
Threshold t is set to 0.025. Therefore, for each variable, 80 experiments are conducted. We define the criterion 
matrix M to contain a group distribution of a zero-truncated Poisson distribution of 1.11 as shown in Table 2. 
Table 2: Group distribution within our scenario of N=50 agents.  
Group distribution equals to a zero-truncated Poisson distribution of 1.11. 
Group Size Frequency Proportion 
1 12 0.461 
2 8 0.307 
3 3 0.115 
4 2 0.076 
5 1 0.038 
Fig. 1. Sample screenshots of the scenario environment used during an experiment with a population of N=50 agents. (a) Orthographic top down 
(b) perspective free mode. 
5. Results 
5.1. Experiment 1, coefficient impact on variable ܨ௔  
Fig. 2 (a) plots the sensitivity and the false positive rate (FPR) of the impact on variable 	ୟ  on the group 
behaviour. The individual data points show the overall accuracy of the test. The closer the data point is to the upper 
left corner, the higher the overall accuracy of the test, and thus the better the coefficient. Fig. 2 (a) shows that there 
is a best coefficient (sensitivity of 1, FPR of 0), which is 	ୟ = 0.95. Fig. 2 (b) shows the relationship between the 
coefficients of the variable 	ୟ and its impact on the sensitivity and the specificity of the experiment. Values for the 
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domain -1İ 	ୟİ  -0.975 result in a sensitivity of 0. This range does not produce any group navigation. 
Furthermore, the curves demonstrate that the sensitivity increases exponentially with an increasing coefficient of  	ୟ
starting at the value of 	ୟ ൌ-0.975. The false positive rate as shown in Fig. 2 (b) demonstrates no general tendency. 
This suggests that the coefficient 	ୟ  has little influence on the probability of isolated individuals correctly or 
incorrectly identified as such. 
5.2. Experiment 2, coefficient impact on variable ܨ௥  
In experiment 2, we set  	ୟ  = 0.95. 	 ig. 3 (a) plots the sensitivity and the FPR using receiver operating 
characteristic of this experiment. Fig. 3 (a) shows that there is a best coefficient (sensitivity of 1, FPR of 0) for the 
variable 	୰ = 0.325. Fig. 3 (b) shows that values for the domain -1İ 	୰İ -0.2 were under the set success rate of 
90% and therefore did not produce any result. When observed in the simulation, values in this range result in agents 
constantly avoiding each other, thus never reaching the end of the corridor. Furthermore, values of 	୰İ0.2 result in 
ungrouped individuals wrongfully identified as such. This is due to agents not avoiding each other, and thus 
wrongfully demonstrating correct group behaviour. 
5.3. Experiment 3, coefficient impact on variable ܨ௖  
In this experiment, we set 	ୟ = 0.95 and 	୰ = 0.325. We determine the best coefficient for variable	ୡ. Fig. 4 (a) 
shows there is a best coefficient at sensitivity of 1, FPR of 0, which is 	ୡ ൌ ͲǤͷ. Values for the domain -1İ 	ୡİ
0.475 were under the success rate of 90%. Fig. 4 (b) shows that both the sensitivity and specificty are hardly 
influenced by this coefficient. 
(a) (b) 
Fig. 2. Diagrams depicting the results of experiment 1 and the impact of a range of coefficients on the probability of the simulation. (a) ROC 
illustrating the dependency between the sensitivity and the false positive rate (1- specificity). (b) Dependency between variable 	ୟ and its impact 
on the probability.  
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(a) (b) 
Fig. 3. Diagrams depicting the results of experiment 2: (a) ROC illustrating the dependency between the sensitivity and the false positive rate (1- 
specificity). (b) Dependency between variable 	୰ and its impact on the sensitivity and the false positive rate.
(a) (b) 
Fig. 4. Diagrams depicting the results of experiment 3: (a) ROC curve illustrating the dependency between the sensitivity and the false positive 
rate (1- specificity). (b) Dependency between variable 	ୡand its impact on the sensitivity and the false positive rate. 
6. Conclusion 
In this paper, we develop a unique experimental validation method for assessing the influence of group model 
parameters on the behaviour of simulated pedestrians. The advantage of our approach is that it provides crowd 
modellers a unique, methodical description of the influence of the model parameters on group performance instead 
of relying on intuition or assumptions to select governing influences of their model. 
We discuss the importance of verification and validation of simulated crowds, and we show that trajectory 
analysis of real pedestrians brings considerable knowledge of the behaviour of real crowds to researchers. The work 
by Ge et al. (2012) on automated pedestrian detection and tracking, which extracts trajectories from video and uses 
hierarchical clustering to detect small groups of people travelling together, is discussed to be relevant to crowd 
simulation. We set out to adapt this state-of-the-art pedestrian trajectory analysis technique to crowd simulation to 
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identify who is with whom in a crowd. This is combined with the receiver operating characteristic (ROC) analysis to 
evaluate the impact of the coefficients of a group model on the navigational behaviour of agents. To our knowledge, 
no previous work has specifically exploited trajectory information to methodically assess the performance of a 
crowd simulation group model.   
We investigate the feasibility of the approach on a group model inspired by Reynolds' (1999) work on boids. A 
series of experiments were run on in a crowded (N=50) airport corridor environment. The results demonstrate a 
quantified description of the model’s coefficients influence on the navigational behaviour of simulated groups. 
Using ROC analysis, we select the optimal parameters and to discard suboptimal ones. The findings show that there 
is an impact of the model's coefficient on group behaviour, however, it does have little or no effect on isolated, 
ungrouped individuals as identified as such.  
In future work, we will investigate the feasibility of the approach in different environments with varying crowd 
densities, with different models and a larger coefficient range. Furthermore, the model used throughout this work 
has to be further investigated to identify possible problems of simulating single, ungrouped individuals. 
Additionally, we may have suboptimal results as we are using the greedy heuristic to find the global optimum of the 
parameters of the model; this has to be addressed in future work.   
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